1. Introduction {#sec0005}
===============

With the domestic and international spread of the coronavirus disease 2019 (COVID-19), much attention has been given to estimating pandemic risk ([@bib0100], [@bib0090]). We propose the novel application of a well-established scientific approach -- network analysis ([@bib0070], [@bib0085], [@bib0065], [@bib0020], [@bib0080], [@bib0055], [@bib0040], [@bib0025]) -- to provide a direct visualization of the COVID-19 pandemic risk. By showing visually the degree of connectedness between different regions based on data that are readily available (such as reported confirmed cases of COVID-19), network analysis offers a relatively simple yet powerful way to estimate the pandemic risk.

2. Network analysis {#sec0010}
===================

Network analysis has been used for many decades to assess connectedness and systemic risk in the financial and banking sectors ([@bib0025], [@bib0005], [@bib0030]). In the financial system, a collection of interconnected institutions with mutually beneficial business relationships (e.g., commercial banks) can quickly collapse through rapid propagation of illiquidity, insolvency, and losses during financial crises. The demise of Lehman Brothers in 2008 and the European sovereign debt crisis of 2011--2012, for example, demonstrate how business ties among financial institutions, when conducted on a large enough scale, can significantly contribute to systemic risk. Our analysis on pandemic networks is different from that on epidemiological networks for disease transmission. A main contribution is to construct a pandemic network for studying the relationship of changes in the numbers of confirmed cases. We also argue that when applying network analysis to a pandemic situation, the degree of connectedness between the regions can help visualize the pandemic risk.

3. Methods and results {#sec0015}
======================

Network analysis has been used in medical research to study gene co-expression, disease co-occurrence, and the topological dynamics of the spread of infectious disease ([@bib0055], [@bib0060], [@bib0105], [@bib0050]). Network analysis is relatively easy to execute, as it uses data that are readily accessible, such as publicly available confirmed numbers of cases in databases ([@bib0045]). In the present study, the number of confirmed COVID-19 cases in China from late January to March 2020 were retrieved, and plots of confirmed cases were constructed for nine time periods (periods 0--8) ([Figure 1](#fig0005){ref-type="fig"}A) ([@bib0035], [@bib0075]). The numbers of confirmed cases worldwide (excluding China) were also retrieved for the same time periods and the plots constructed ([Figure 2](#fig0010){ref-type="fig"}A) ([@bib0095]). Next, network graphs were constructed based on the correlation of changes in the numbers of confirmed cases between two geographical areas (e.g., provinces). If the correlation is \>0.5, the two areas are connected in a network. Below are the summary steps in constructing the network graphs, as shown in [Figure 1](#fig0005){ref-type="fig"}B--J and [Figure 2](#fig0010){ref-type="fig"}B--J.(1)Define *X* ~*it*~ as the number of confirmed cases in province/country *i* on day *t*. Calculate the daily changes in the square-root of newly confirmed cases, i.e. $X_{it} = \sqrt{X_{it}} - \sqrt{X_{it - 1}}$ ([@bib0010], [@bib0015]). Statistically, the 'square-root transformation' is to make the transformed counts more stable.(2)In a particular period, calculate the correlation of *Y* ~*it*~ and *Y* ~*jt*~ (representing changes in province/country *i* and province/country *j*) using the accumulated data up to the end of that period.(3)Construct the network graphs in a particular period by linking the provinces/countries if the correlation is \>0.5. Figure 1Daily confirmed cases in China and the network graphs.Figure 1Figure 2Worldwide daily confirmed cases (excluding China) and the network graphs.Figure 2

Pandemic risk can be visualized based on how frequently different regions are connected in the network graphs. Thus, the more frequently the regions are connected, the higher the density of the lines in the network graphs and the stronger the tendency of co-evolution of virus propagation among the regions -- and an increase in pandemic risk is suggested (see for example, [Figure 2](#fig0010){ref-type="fig"}H, the network graph for worldwide excluding China in the second week of March). Conversely, the less frequently the regions are connected, the lower the density of the lines in the network graphs and the less the tendency of co-evolution of virus propagation among the regions -- and a decrease in pandemic risk is suggested (see for example, [Figure 1](#fig0005){ref-type="fig"}H, the network graph for China provinces in the second week of March).

Network connectedness provides a more timely prediction of pandemic risk than relying on the raw data of daily confirmed cases. In [Figure 1](#fig0005){ref-type="fig"}B, period 0 (January 20--29), the number of confirmed cases was low and had just begun to rise in China. Despite this, the network graph for period 0 already showed a high connectedness between provinces ([Figure 1](#fig0005){ref-type="fig"}B), indicating the imminence of an epidemic in China. Further, although the number of daily confirmed cases continued to rise exponentially in China in period 1 (January 30 to February 5) ([Figure 1](#fig0005){ref-type="fig"}A), the network graph ([Figure 1](#fig0005){ref-type="fig"}C) already showed a significant decrease in connectedness compared with that in period 0. The decrease in connectedness provided an early sign of an improvement in the epidemic, probably due to the lockdown of Wuhan and another 15 cities to reduce social interaction. Similarly, a slight decrease in daily confirmed cases in China was first recognized in period 2 (February 6--12) and period 3 (February 13--19), but the trend of decline was not obvious until period 4 (February 20--26) ([Figure 1](#fig0005){ref-type="fig"}A). The network graphs, however, provided a clearer visualization of the significant decrease in connectedness from period 1 to period 4 ([Figure 1](#fig0005){ref-type="fig"}C--F), signalling the trend of decline as early as from period 1.

Also, for the other countries in the same time periods (periods 0--8) (see [Figure 2](#fig0010){ref-type="fig"}), the network graphs provided powerful visualization of the pandemic risk, more so than that revealed by the daily confirmed COVID-19 cases. For example, there was a marked increase in connectedness between European, American, and other countries in period 4 (February 20--26) ([Figure 2](#fig0010){ref-type="fig"}F), indicating an increasing pandemic risk even though the number of daily confirmed cases in Europe was still low in period 4 ([Figure 2](#fig0010){ref-type="fig"}A). This phenomenon was similar to that observed in China in period 0 ([Figure 1](#fig0005){ref-type="fig"}B). The connectedness of European and American countries continued to rise and intensify from period 5 to period 7 (February 27 to March 18) ([Figure 2](#fig0010){ref-type="fig"}G--I), suggesting that the situation in Europe and America was getting worse. There is a sign of a decrease in connectedness in period 8 (March 19--25) ([Figure 2](#fig0010){ref-type="fig"}J), although the number of daily confirmed cases did not soar until period 8 ([Figure 2](#fig0010){ref-type="fig"}A).

4. Conclusions {#sec0020}
==============

This study has demonstrated that, compared to just relying on reported confirmed cases of COVID-19, network analysis can provide a powerful and clearer visualization of the pandemic risk through the degree of connectedness in pandemic network graphs. Being data-driven and based on data that are readily accessible, network analysis can supplement traditional modelling techniques to enhance the estimation of pandemic risk and provide more timely evidence to inform preparedness plans. Future works on quantifying the network connectedness are worthy of investigation.
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